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Many readers will find the title of this book misleading -at least, at first sight. This is because 'network' is a heavily overloaded term used to denote relational data in so vast a number of applications that it is far from surprising that 'network analysis' means different things to different people.
To name but a few examples, 'network analysis' is carried out in areas such as project planning, complex systems, electrical circuits, social networks, transportation systems, communication networks, epidemiology, bioinformatics, hypertext systems, text analysis, bibliometrics, organization theory, genealogical research and event analysis.
Most of these application areas, however, rely on a formal basis that is fairly coherent. While many approaches have been developed in isolation, quite a few have been re-invented several times or proven useful in other contexts as well. It therefore seems adequate to treat network analysis as a field of its own. From a computer science point of view, it might well be subsumed under 'applied graph theory,' since structural and algorithmic aspects of abstract graphs are the prevalent methodological determinants in many applications, no matter which type of networks are being modeled.
There is an especially long tradition of network analysis in the social sciences [228] , but a dramatically increased visibility of the field is owed to recent interest of physicists, who discovered the usefulness of methods developed in statistical mechanics for the analysis of large-scale networks [15] . However, there seem to be some fundamental differences in how to approach the topic. For computer scientists and mathematicians a statement like, e.g., the following is somewhat problematic.
"Also, we follow the hierarchy of values in Western science: an experiment and empirical data are more valuable than an estimate; an estimate is more valuable than an approximate calculation; an approximate calculation is more valuable than a rigorous result." [165, Preface] Since the focus of this book is on structure theory and methods, the content is organized by level of analysis rather than, e.g., domain of application or formal concept used. If at all, applications are mentioned only for motivation or to explain the origins of a particular method. The following three examples stand in for the wide range of applications and at the same time serve to illustrate what is meant by level of analysis.
Element-Level Analysis (Google's PageRank)
Standard Web search engines index large numbers of documents from the Web in order to answer keyword queries by returning documents that appear relevant to the query. Aside from scaling issues due to the incredible, yet still growing size of the Web, the large number of hits (documents containing the required combination of keywords) generated by typical queries poses a serious problem. When results are returned, they are therefore ordered by their relevance with respect to the query.
The success of a search engine is thus crucially dependent on its definition of relevance. Contemporary search engines use a weighted combination of several criteria. Besides straightforward components such as the number, position, and markup of keyword occurrences, their distance and order in the text, or the creation date of the document, a structural measure of relevance employed by market leader Google turned out to be most successful.
Consider the graph consisting of a vertex for each indexed document, and a directed edge from a vertex to another vertex, if the corresponding document contains a hyperlink to the other one. This graph is called the Web graph and represents the link structure of documents on the Web. Since a link corresponds to a referral from one document to another, it embodies the idea that the second document contains relevant information. It is thus reasonable to assume that a document that is often referred to is a relevant document, and even more so, if the referring documents are relevant themselves. Technically, this (structural) relevance of a document is expressed by a positive real number, and the particular definition used by Google [101] is called the PageRank of the document. Figure 1 .1 shows the PageRank of documents in a network of some 5,000 Web pages and 15,000 links. Section 3.9.3 contains are more detailed description of PageRank and some close relatives.
Note that the PageRank of a document is completely determined by the structure of (the indexed part of) the Web graph and independent of any query. It is thus an example of a structural vertex index, i.e. an assignment of real numbers to vertices of a graph that is not influenced by anything but the adjacency relation.
Similar valuations of vertices and also of edges of a graph have been proposed in many application domains, and "Which is the most important element?" or, more specifically, "How important is this element?" is the fundamental question in element-level analysis. It is typically addressed using concepts of structural centrality, but while a plethora of definitions have been proposed, no general, comprehensive, and accepted theory is available.
This is precisely what made the organization of the first part of the book most difficult. Together with the authors, the editor's original division into themes and topics was revised substantially towards the end of the seminar from which this book arose. A particular consequence is that subtopics prepared by different participants may now be spread throughout the three chapters. This naturally led to a larger number of authors for each chapter, though potentially with heavily skewed workload. To counterbalance this effect, leading authors are identified in such chapters.
Chapter 3 provides an overview of centrality measures for network elements. The authors have organized the material from a conceptual point of view, which is very different from how it is covered in the literature. Algorithms are rarely discussed in the application-oriented literature, but of central interest in computer science. The underdeveloped field of algorithmic approaches to centrality is therefore reviewed in Chapter 4. Advanced issues related to centrality are treated in Chapter 5. It is remarkable that some of the original contributions contained in this chapter have been developed independently by established researchers [85] .
Group-Level Analysis (Political Ties)
Doreian and Albert [161] is an illustrative example of network analysis on the level of groups. The network in question is made up of influential local politicians and their strong political ties. This is by definition a difficult network to measure, because personal variations in perception and political incentives may affect the outcome of direct questioning. Therefore, not the politicians themselves, but staff members of the local daily newspaper who regularly report on political affairs were asked to provide the data shown in Figure 1 who was in favor of building the new jail, and the County Auditor were in strong personal opposition, so that the latter publicly opposed the construction. While the diagram indicates that the former Council President is structurally most important (closeness to the center reflects a vertex index called closeness centrality), it is the group structure which is of interest here.
The voting pattern on the jail issue is predicted precisely by the membership to one of two apparent groups of strong internal bonds. Members of the group containing the County Executive voted for the new jail, and those of the group containing the County Auditor voted against. Note that the entire network is very homogeneous with respect to gender, race, and political affiliation, so that these variables are of no influence.
Note also that two council members in the upper right have ties to exactly the same other actors. Similar patterns of relationships suggest that actors have similar (structural) 'roles' in the network. In fact, the network could roughly be reduced to two internally tied parties that are linked by the former Council President.
Methods for defining and finding groups are treated extensively in the second part of the book. Generally speaking, there are two major perspectives on what constitutes a group in a network, namely strong or similar linkages.
In the first three chapters on group-level analysis, a group is identified by strong linkages among its members. These may be based on relatively heavy induced subgraphs (Chapters 6) or relatively high connectivity between each pair of members (Chapter 7). Methods for splitting a network into groups based on strong linkage are then reviewed in Chapter 8. Chapters 9 and 10 focus on groups defined by the pattern of relations that members have. While such groups need not be connected at all, strong internal combined with weak external linkage can be seen as a special case.
Network-Level Analysis (Oracle of Bacon)
Empirical networks representing diverse relations such as linkages among Web pages, gene regulation in primitive organisms, sexual contacts among Swedes, or the power grid of the western United States appear to have, maybe surprisingly, some statistical properties in common.
A very popular example of a network that evolves over time is the movie actor collaboration graph feeding the Oracle of Bacon at Virginia.
1 From all movies stored in the Internet Movie Database 2 it is determined which pairs of actors co-appeared in which movie. The 'Oracle' can be queried to determine (an upper bound on) the co-starring distance of an actor from Kevin Bacon, or in a variant game between any two actors. Except for fun and anecdotal purposes (exemplified in Figure 1. 3), actual links between actors are not of primary interest. The fascinating characteristics of this data are on the aggregate level. It turns out, for instance, that Kevin Bacon is on average only three movies apart from any of the more than half a million actors in the database, and that there are more than a thousand actors who have the same property.
Many more properties of this data can be studied. A particularly pertinent observation is, for instance, that in many empirical networks the distribution of at least some statistic obeys a power-law. But the network could also be compared to other empirical networks from related domains (like science collaboration) or fabricated networks for which a suitable model would be required. The focus of network-level analysis in general is on properties of networks as a whole. These may reflect, e.g., typical or atypical traits relative to an application domain or similarities occuring in networks of entirely different origin.
Network statistics, reviewed in Chapter 11, are a first indicator of network similarity, often employed in complex systems analysis. In Chapter 12, more rigorous methods for detailed structure comparison of equally (or at least comparatively) sized networks are discussed. A different line of research is the attempt to understand the governing principles of network formation. Chapter 13 is therefore devoted to models for networks with certain properties. A particularly powerful approach to global network analysis is the utilization of spectral properties of matrices defined describing the network. These are described in detail in Chapter 14. The final chapter of this book is devoted to the important question of how sensitive a network is to the loss of some of its elements.
Despite the wealth of material covered, the scope of this book is necessarily limited. No matter which personal background, the reader will easily identify gems from the repertoire of network analysis that have been consciously omitted or woefully overlooked. We nevertheless hope that the book will serve as a useful introduction and handy reference for everyone interested in the methods that drive network analysis.
